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Image Reconstruction of Super-resolution Distortion Control Based on
Convolutional Neural Network
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(1. School of Electronic Information Engineering, Jingchu University of Technology, Hubei Jingmen 448000, China;
2. Jingmen Rongmei Network Technology Co., Ltd., Hubei Jingmen 448000, China)

ABSTRACT: The work aims to solve problems of poor correlation between functional units, weak completeness of image
chromaticity feature extraction, weak distortion control in super-resolution reconstruction, and residual control in
sampling process in super-resolution image reconstruction models. By introducing the double activation function into the
convolutional neural network model, the compatibility and connectivity between the functional units in the model were
improved. A super-resolution distortion control unit was constructed using a dense connected convolutional neural
network to perform convolutional compensation operations on four chromatic components, respectively. The residual
interpolation function was applied to the upsampling unit and deep backprojection network rules were used to achieve
super-resolution chromaticity feature interpolation operations. The designed model set combined multiple convolutional
kernels internally to achieve super-resolution chromaticity distortion compensation. A unified processing weight was used
to ensure the organic fusion of the internal components of the entire model. In conclusion, the relevant experimental
results verify that the image reconstruction model proposed in this paper has good reliability, stability, and efficiency.
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Fig.1 Process flow diagram of super-resolution distortion control reconstruction
model based on convolutional neural network
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Fig.2 Internal composition structure and processing flow diagram of super-resolution distortion control unit
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Fig.3 Overall composition structure and processing flow diagram of upsampling unit
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( Stanford dogs dataset ) ( Comp cars ) ( Flowers ) ( Home objects )
ReLU+LeNet-5 1.51 1.62 1.40 1.55
ReLU+DenseNet 12.27 12.29 12.94 12.58
Leaky ReLU+ LeNet-5 9.05 9.12 9.20 9.07
Leaky ReLU+ DenseNet 24.69 25.17 24.90 24.86
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Tab.2 Quality evaluation data for distortion control using different activation functions and convolutional network models

Ppsnr (=35 HAR)
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( Stanford dogs dataset ) ( Comp cars ) ( Flowers ) ( Home objects )
ReLU+ImageNet 12.44 13.05 13.17 12.94
ReLU+DenseNet 21.80 21.65 21.59 21.33
Leaky ReLU+ ImageNet 19.17 18.85 19.02 18.85
Leaky ReLU+ DenseNet 38.05 38.27 37.94 37.86
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Tab.3 Quality evaluation data on chromaticity feature distortion compensation control using different
convolutional weights
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( Stanford dogs dataset ) ( Comp cars ) ( Flowers ) ( Home objects )
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0.1 29.71 30.10 28.96 29.07
0.2 38.05 38.27 37.94 37.86
0.3 36.19 36.07 35.97 35.85
0.4 34.27 34.29 33.85 33.92
0.5 30.35 31.07 31.11 30.95
0.6 29.13 28.92 28.85 29.01
0.7 25.52 25.90 25.17 25.22
0.8 21.44 21.85 21.04 21.14
0.9 18.80 18.69 18.73 18.50
1.0 16.66 16.42 16.37 16.25
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N SSIM(y(i, j), x(i, ))=SSIM(x(i, j), ¥(i, )HF 0<  SCEGIHEERERA nos SSIM(y G, j)IIIEBK, 5
SSIM(y (i, j)<1. 0<SSIM(x(i, j))<1, FEMWEELL bR PR B i 1 R R T R A o S gk i
WER LR ST 25 BN N yes, ARG EARMER 3£ 4~7 iR,

x4 ERAARLELRFEERMEERTIHREASHENERSREEGTEYHRERVER
Tab.4 Average error detection results of reconstructed images and original images using different upsampling dimension
extensions and chromaticity feature interpolation combinations

e(i, )
B T4 JRE VR A 4 L7 5 REEGEIRE WAREGEIRE R KEGEIRE &7 IR
( Stanford dogs dataset ) ( Comp cars ) ( Flowers ) ( Home objects )
i PF - o R A 0.58 0.57 0.58 0.59
Tk PRI AR Y 0.25 0.26 0.23 0.24
el Bk 2R A 0.46 0.44 0.43 0.46
B B IHIRE AR 0.11 0.12 0.10 0.13

x5 EAARLRBFHEESRMEERIBEASHREKSENESG SSIMEBERARERNER

Tab.5 Effectiveness detection results of SSIM values for original and reconstructed images using different upsampling
dimension extensions and chromaticity feature interpolation combinations

PAESLEES VIR S KRGS RGBS BT REGERE

Y B R R AE AR (8

( Stanford dogs dataset ) ( Comp cars ) ( Flowers ) ( Home objects )
i e P i R AR yes yes yes yes
it PR AR yes yes yes yes
e B R R OR A yes yes yes yes
B AGRARE AT yes yes yes yes

W WS R 0< SSIM(x(, /) <1. 0<SSIM(y(i,j)<1 BN yes, 7N no,

*6 FERATEALRFAEETRIEBERFIREEASHEERGESENESL SSIM EXFRERNLER

Tab.6 Detection results of SSIM value symmetry between original and reconstructed images using different upsampling
dimension extensions and chromaticity feature interpolation combinations

Y R AR AR AT (E AT LY 1ETT KR
5 P R R A no no no no
R PRI R A no no no no
e A R R OR A no no no no
e A IR B LAY yes yes yes yes

T WAL SSIM( (G, ), x(i, ))=SSIM(G, /), v (i, )RR yes, 712 no.

KT EAFARLRFEEYT RMEEREBEASHENRE LR SSIMERNER

Tab.7 Reconstructed image SSIM value detection results using different upsampling dimension extensions and
chromaticity feature interpolation combinations

SSIM(y (i, )E

PR AV GE £ REEGEISE — REREGEIRE T ERGRIESE &7 RE GRS
( Stanford dogs dataset ) ( Comp cars ) ( Flowers ) ( Home objects )

kP EOR AR 0.47 0.45 0.45 0.46

TR PR HIR AR 0.69 0.67 0.66 0.67

e A AT A OR B 0.57 0.59 0.58 0.56

BB E 0.91 0.93 0.92 0.94
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K 4~7 Gt BB R, AR TR 2 R
i, K e(i, ) HIITE 90%LA 1, HLEEAIZE AR,
VLA B RUZERE L R, Btk . Joie R
WA o 24 3 b JE A AR AR A AU 2 A, SSIM [ HU{EL 4R
TE[0, 119, AN UL T 3% B SSIM $8 btk A7 &4 S A4
AT RN B B a0, ISR T A SC TR
RAERITHAT RIF MR EASOR . R AR E
B BURNR BE A5 25 4 e BUZ I, A BEAS I 2]
SSIM PEH 48 b HA KRR ME I RRAE . [RIES, SSIM A{E
TE A7) 2 70 G ARSI R 3k 90% A L, i — 2 B iE
TARSCBEH Y R FE BT A KA R T SR AR
o ZEEXTFR 4~7 Geit g oA, WIS UE T3
P52 P25 R (1 L% B B AR 2 Y R O R
G B BRI T ORI R Y R, 45610 IR
AL MG TR)Z , B R0 R4 gt R
PRSI

2.2.3 BEGEMRXEEHERTMN

SCIG M o 5 SCHR 3] SCHR[8] . SCHR[11] . SCHk[17]
FISCHR[18] 5 Fh 2 S A5 Y PG 54 2 048 o) v
HEAT LM, BF CNN-SR-M 55 7 14 3% {A P fig

S5t R A UG AN A R Z R bR 22 STD(X,
V). FEHE R VGX,Y) . B A G
( Composite Peak Signal to Noise Ratio, CPSNR ), J&
TR R R I ) S5 A AR LR SS-SSIM. Al B4
G 58 A IS AT B 0] 2 A Sy R R O LA M e
BRI TE 845 o R T RIS 50 HAT 19 1,
G5 —{#i 1] LeNet-5 #4545 BRI 45 AL, 550 b 41
Pl S8 30, A8 EURFE A FRAE $2 IBORT (514 5 4 55
D5 T, VR R G SCHER AN AR SCHE I SRS IR
b s R S8 AR R Ik 8~12
TR

STD(X, Y)n] LK iff 15 iR Ji iy o A PR S5 3R K
B 5 EGE Z BB B, STDX, V)I{E#K,
Ut WY PR A R B8 0 53 A B 4318, ) Y PR o o
A, HATREBUE A0, 1] PR VPG(X,Y)
AT DA S e R P R IR AR R I 25, HAR K
R, U0 B T g 1 9 BT R v, PRI A 1 T R
U, HARBUE N0, 1] FHEEE(E AR, R
F B 38 SExt K 1) RNl B ) R AE R 4
TG SR BRI . STD(X,Y) FIV2G(X,Y) 2 INFRife

*x8 6MEKEMIERHFENEANBGMEGNEGZ BfREZMNKGEITER
Tab.8 Statistical results of standard deviation test between input image and reconstructed image for six image
reconstruction distortion control methods

STD(X, NH(O0<STD(X, Y)<1)

Pl f Sl e L i RERGEIRSE  BEREGEIRE A ERGEISE T RRGRS
( Stanford dogs dataset ) ( Comp cars ) ( Flowers ) ( Home objects )
SCHER[3 148 i 0.78 0.76 0.77 0.75
SCHR 8118 HI 2 0.79 0.78 0.80 0.79
SCHR[ 118 75 12 0.82 0.81 0.82 0.80
SCHR[171M H J5 12 0.83 0.83 0.81 0.83
SCHR[ 18118 Iy ik 0.87 0.85 0.86 0.85
A3 CNN-SR-M Hi B )7 vk 0.92 0.93 0.91 0.90

&9 6MEKEMIEEHNAENEABGINEMEGZ BFEHBELMNLGEITER
Tab.9 Statistical results of average gradient ratio test between input image and reconstructed image for six image
reconstruction distortion control methods

V2G(X, V) H(0<V’G(X,Y)<1)

Pl S Al O L i REEGEISE — REREGREIRSE KR GREIRE &7 RE G
( Stanford dogs dataset ) ( Comp cars ) ( Flowers ) ( Home objects )
SCHER[3 146 O ik 0.64 0.65 0.62 0.64
SCHR[8 16 1k 0.69 0.70 0.69 0.70
SCHR[LLE 7 vk 0.73 0.75 0.73 0.72
SCHR[1 7] FH 77 1% 0.79 0.77 0.78 0.79
SCHR[18 1 FH 77 1% 0.83 0.81 0.82 0.81
A3 CNN-SR-M #7177 v 0.89 0.88 0.87 0.86
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x10 6 MEKEMREEHNAZNESEEFRILMIKEITER

Tab.10 Statistical results of composite peak signal-to-noise ratio test for six image reconstruction distortion control methods

Crsnr(0< Cpsnr=<1)

BERF R S i RERGEIRSE — BEREGEIRE LRGSR RGR S
( Stanford dogs dataset ) ( Comp cars ) ( Flowers ) ( Home objects )
SCHR[3 148 I 5 2 0.54 0.53 0.55 0.52
SCHR 8148 HI Jr 2 0.81 0.80 0.83 0.82
SCHR[ 1118 75 12 0.82 0.83 0.81 0.84
SCHR[ L7166 F 5 % 0.85 0.84 0.86 0.85
SCHR[ 18148 Iy ik 0.88 0.85 0.87 0.85
A3 CNN-SR-M Hi 7 )7 vk 0.93 0.91 0.92 0.93

&1 6MEGEMIEEHAENAEGRERNEMBEUAENRGEITER
Tab.11 Statistical results of visual sensitivity detection structure similarity test for six image reconstruction
distortion control methods

Sss-ssm(0<Sssssiv< 1)

PR E g SR Sl ik KA R HE 4 WEREGRIESE T EEREdRE T RE RS
( Stanford dogs dataset ) ( Comp cars ) ( Flowers ) ( Home objects )
SCHER[3 146 O ik 0.47 0.49 0.48 0.45
SCHR[81M4 2 0.55 0.57 0.58 0.56
SCHR[LLE A % 0.71 0.70 0.71 0.68
SCHR[ L7148 F i 0.79 0.81 0.80 0.76
SCHER[ 181 FH ik 0.82 0.80 0.83 0.79
753 CNN-SR-M #5775 0.89 0.87 0.89 0.88

x12 6MEKEMIEEHAEZTHEGERLERBEHNLEITER

Tab.12 Statistical results of image reconstruction processing time for six image reconstruction distortion control methods

BT E] /s

PR E R Sl ik REEGEIRSE — EEREGEIRE AN ERGRIEE 5T RRGRIRE
( Stanford dogs dataset ) ( Comp cars ) ( Flowers ) ( Home objects )
SCHR[3E 36.52 35.47 36.07 35.85
SCHR (811 77 12 74.39 73.54 74.26 73.81
SCHR[f D7 i 98.03 95.92 97.44 93.50
SCHR[ 1716 FH ik 46.51 46.73 45.96 46.39
SCHR[ 18115 A ik 40.35 41.17 4230 41.56
A CNN-SR-M i )y vk 14.19 14.52 14.36 14.28
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